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Abstract
Due to former soil surveys and mapping activities signifi cant amount of soil information has accumulated 
in Hungary. Present soil data requirements are mainly fulfi lled with these available datasets either by their 
direct usage or aft er certain specifi c and generally fortuitous, thematic and/or spatial inference. Due to the 
more and more frequently emerging discrepancies between the available and the expected data, there might 
be notable imperfection as for the accuracy and reliability of the delivered products. With a recently started 
project we would like to signifi cantly extend the potential, how soil information requirements could be satis-
fi ed in Hungary. We started to compile digital soil maps, which fulfi l optimally the national and international 
demands from points of view of thematic, spatial and temporal accuracy. In addition to the auxiliary, spatial 
data themes related to soil forming factors and/or to indicative environmental elements we heavily lean 
on the various national soil databases. The set of the applied digital soil mapping techniques is gradually 
broadened incorporating and eventually integrating geostatistical, data mining and GIS tools. Regression 
kriging has been used for the spatial inference of certain quantitative data, like particle size distribution com-
ponents, rootable depth and organic matt er content. Classifi cation and regression trees were applied for the 
understanding of the soil-landscape models involved in existing soil maps, and for the post-formalization of 
survey/compilation rules. The relationships identifi ed and expressed in decision rules made the compilation 
of spatially refi ned category-type soil maps (like genetic soil type and soil productivity maps) possible with 
the aid of high resolution environmental auxiliary variables. In our paper, we give a short introduction to 
soil mapping and information management concentrating on the driving forces for the renewal of soil spatial 
data infrastructure provided by the framework of Digital Soil Mapping. The fi rst results of DOSoReMI.hu 
(Digital, Optimized, Soil Related Maps and Information in Hungary) project are presented in the form of 
brand new national and regional soil maps.
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Introduction
Demands on spatial soil information
Demands on soil related information have 
been signifi cant worldwide and are still in-
creasing (Bullock, P. 1999; Mermut, A.R. 
and Eswaran, H. 2000; Tóth, G. et al. 2008; 
Sanchez, P.A. et al. 2009; Baumgardner, M.F. 
2011). Recent requests oft en do not refer to 
primary or even secondary soil properties, 
but to various processes, functions, services 
and/or systems related to soils (Omuto, C. 
et al. 2013). 
Soil maps were typically used for a long 
time to satisfy these needs. Due to the rela-
tively high costs of new data collection and 
the spreading of Geographic Information 
technology, Spatial Soil Information Systems 
(SSISs) and Digital Soil Mapping (DSM), 
these approaches have taken over the role 
of traditional soil maps in the fi eld of data 
service. Nevertheless, legacy soil data are 
still heavily relied on, as they include an 
abundance of information exploitable by 
proper methodology in GIS/SSIS/DSM en-
vironment. Not only the degree but also the 
nature of current needs for soil information 
has changed. Traditionally focus was on the 
agricultural functions of soils, which was also 
refl ected in the methodology of data collec-
tion and mapping. 
Recently the information related to addi-
tional soil functions is becoming identically 
important (Blum, W.E.H. 2005; Panagos, P. et 
al. 2012). This types of information require-
ment generally cannot be fulfi lled with new 
data collections, at least not on such a level 
as in the frame of traditional soil surveys 
(Montanarella, L. 2010). As a consequence 
of these issues the framework of spatial soil 
information service has also altered signifi -
cantly (Figure 1).
Main issues of soil mapping
The goal of soil mapping is to reveal and 
visualize the spatial relationships of the the-
matic knowledge related to soil cover. Soil 
maps are thematic maps, where theme is 
determined by some specific information 
related to soils. This can be a primary or 
secondary (derived) soil property or class as 
well as any knowledge characterizing func-
tions, processes or services of soils (Pásztor, 
L. et al. 2014). 
The greatest and inevitable challenge of the 
compilation of soil maps is the regionaliza-
tion of the local knowledge, its spatial infer-
ence (Várallyay, Gy. 2012). Reconnaissance of 
specifi c soil properties is carried out by sam-
pling, which provides defi nitely point-like 
information. To create maps, the data related 
Fig. 1. Framework of spatial soil information services. Dashed line: information sources; dott ed line: data 
fl ow/transportation between various elements
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framework for this representation. It should 
be remarked, there are also compromised ap-
proaches between the two concepts (like cer-
tain fuzzy methods suitable for soil mapping; 
McBratney, A.B. and Odeh, I.O.A. 1997).
Each soil map can be characterized by three 
basic aspects which are more or less inter-re-
lated. A map displays a theme, a regionalized 
soil (or more generally soil related) property 
expressed by either quantitatively or qualita-
tively using categories (thematic issues). The 
map is compiled for a geographic region in a 
predefi ned scale, with some spatial resolution 
(geometrical issues). Finally the map has an 
overall and also spatially variable accuracy, 
purity, reliability (uncertainty issues). A de-
mand on at least a tiny change in any of these 
issues theoretically induces the compilation 
of a new map with the required parameters. 
In traditional soil mapping the creation of a 
new map was troublesome and laborious. As 
a consequence robust maps were elaborated 
and rather the demands were fi tt ed to the 
available map products.
Formation of digital soil mapping
A soil map is an object specifi c spatial model 
of the soil cover, whose compilation is domi-
nated by the consideration of soil forming 
processes (Böhner, J. et al. 2002). There have 
been signifi cant and essentially concurrent 
changes concerning three central elements 
of this defi nition. The growing and spread 
of digital soil mapping in the last decade can 
be att ributed to the eff ects of these changes 
(Dobos, E. et al. 2006; Lagacherie, P. et al. 
2007; Lagacherie, P. 2008; Boettinger, J.L. 
et al. 2010). Spatial and at the same time dig-
ital (that is GIS conform) information related 
to various segments of soil formation proc-
esses has become available in more and more 
quantity, with bett er and bett er spatial reso-
lution and on lower and lower costs. 
Mathematical (geo)statistical and data min-
ing methods have been developed, which are 
effi  ciently applicable in the lack of determinis-
tic models for the quantifi cation of the some-
to locations should be spatially inferred using 
appropriate methods. From a certain point 
of view, the development of soil mapping 
is the conscious expansion of the repository 
of these methods: from mental space usage, 
along (base)map delimitation based on soil-
landscape models till the various (mechani-
cal, geometrical, geostatistical) interpolation 
methods and further until the introduction 
of ancillary, environmental, spatial data as 
auxiliary co-variables related to various com-
ponents of soil forming processes.
Sampling based mapping is inherently 
predictive, the value or class of the mapped 
variable can only be estimated at unvisited 
locations (Gessler, P.E. et al. 1995; Scull, P. 
et al. 2003). Spatial prediction can be carried 
out (i) taking exclusively the mapped vari-
able into consideration based on its spatial 
features; (ii) also based on the mapped vari-
able, but the constraints of spatial validity are 
provided by further spatial, ancillary infor-
mation; (iii) in every predicted locations sup-
ported by environmental, auxiliary co-vari-
ables (McKenzie, N.J. and Ryan, P.J. 1999).
Basically there are two, virtually confl ict-
ing but rather complementary conceptions 
for the description of the spatial heterogene-
ity of soils (Heuvelink, G.B.M. and Webster, 
R. 2001). One builds on similarity and is basi-
cally object based. It represents the soil cover 
with soil patches, which are either homoge-
neous mapping units or aggregates with es-
timated composition. The map realization of 
this concept is the traditional crisp soil map. 
According to the inherent model of these 
maps, at the given spatial resolution the soil 
properties within the mapping units are ei-
ther homogeneous or heterogeneous but in 
cartographically unmappable way; and there 
is discontinuity in the mapped soil feature at 
the borders (Dobos, E. and Hengl, T. 2009; 
Szabó, J. et al. 2011).
The other approach emphasizes the con-
tinuous spatial variation of soil properties. 
The mapped soil property is predicted in 
cells and the spatial resolution is determined 
by the cell size (Mark, D.M. and Csillag, F. 
1989). Raster data models of GIS provide ideal 
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times really complex and indirect relation-
ships between soil features and the formerly 
mentioned, so called environmental auxiliary 
co-variables. Originally these methods were 
elaborated for the treatment of substantially 
diff erent specialties, but they proved to be 
well adaptable in soil mapping, too.
Along the globalization processes the sig-
nifi cant inhomogeneity in the knowledge of 
the world’s soil cover has become evident. In 
one hand this has induced the compilation of 
relatively reliable soil maps based on limited 
soil data on the majority of the world, this 
way achieving at least a minimal coverage of 
these regions with spatial soil information. On 
the other hand it has initiated the elaboration 
of the principles of unifi cation. The former 
surveys and mappings were carried out on 
national level based on independent meth-
odologies, which caused disturbing eff ects in 
the mapping of the geographically continu-
ously varying soil cover along administrative 
borders showing artifi cial disrupt changes.
The framework of DSM (McBratney, A.B. 
et al. 2003; Lagacherie, P. and McBratney, 
A.B. 2007; Hartemink, A.E. et al. 2008) in-
volves spatial inference of the information 
collected at sampled points based on ancil-
lary environmental variables related to soil 
forming processes (Figure 2). DSM is formal-
ized by the so called SCORPAN equation:
Sproperty or class = f (S, C, O, R, P, A, N),
where on the left  side Sproperty or class is the (either 
numerical or categorical) mapped soil fea-
ture, while on the right side the predictive 
soil forming factors are Climate, Organisms, 
Relief, Parent material, Age and Geographic 
position. An original but well-established 
feature of the SCORPAN approach as op-
posed to Jenny’s formula of soil formation 
(Jenny, H. 1941), that it also takes further Soil 
related spatial information into considera-
tion in the spatial prediction of a given soil 
variable. The most commonly used spatial 
auxiliary data layers are terrain att ributes 
Fig. 2. Concept of digital soil mapping
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derived from digital elevation models, and 
spectral reflectance bands from satellite 
imagery. Furthermore f refers to a specifi c 
function relating to mapped property with 
the actually used predictors, which may be 
realized in various forms. 
Predictive mapping, taking exclusively the 
mapped variable into consideration, is nu-
merically realized by spatial interpolation, 
which is supported by Tobler's First Law 
of Geography (Tobler, W. 1970). It states 
"Everything is related to everything else, 
but near things are more related than dis-
tant things” and it is basically an analogous 
formulation of the concept of spatial autocor-
relation. The main feature of these types of 
methods, they operate in the geographical 
space. The branch of various interpolation 
methods dominated by stochastic modelling 
of environmental features is geostatistics. 
If prediction is supported by environmen-
tal auxiliary co-variables, the quantifi cation 
of the relationship between the mapped soil 
parameter and the ancillary data is the main 
challenge. Generalized classifi cation, that is 
data mining methods proved to be suitable 
for the solution of these types of tasks. These 
methods investigate essentially the feature 
space, analysing its structure, thus unfold-
ing the hidden and/or complex relationships. 
Regression and classifi cation trees, random 
forests, neural networks, Bayesian belief net-
work, support vector machines and some 
more techniques were successfully tested.
There are also compromised approaches 
between the concepts which concentrate 
purely on geographical or feature space. The 
two most widely used are co-kriging and re-
gression kriging. In co-kriging a more dense-
ly sampled ancillary parameter supports the 
interpolation as opposed to ordinary krig-
ing. In regression kriging the variation of 
the mapped variable is subdivided into two 
parts: the trend is estimated by MLRA and 
the residual of the explained part is then 
kriged (Hengl, T. et al. 2004).
Due to the simultaneous richness of spatial 
inference methods and the potentially avail-
able auxiliary environmental information 
(Grunwald, S. 2009; Hengl, T. 2009; Mulder, 
V.L. et al. 2011), there is a high versatility of 
possible approaches for the compilation of a 
given soil (related) map. 
The framework of digital soil mapping also 
provides opportunity for the elaboration of 
goal specifi c soil maps, since the parameters 
characterizing the map product (thematic, 
resolution, accuracy, reliability etc.) may be 
predefi ned. The activity of DSM goes beyond 
mapping purely primary and secondary soil 
properties, the regionalization of further lev-
els of soil related features (processes, func-
tions and services) is also targeted (Minasny, 
B. et al. 2012).
Spatial soil information in Hungary
Hungary has long traditions in soil survey 
and mapping. Large amount of soil informa-
tion is available in various dimensions and 
generally presented in maps, serving diff er-
ent purposes as to spatial and/or thematic 
aspects (Várallyay, Gy. 2012). Increasing pro-
portion of soil related data has been digitally 
processed and organized into various spatial 
soil information systems (Pásztor, L. et al. 
2013a). 
The existing maps, data and systems 
served the society for many years, however 
the available data are no longer fully satis-
factory for the recent needs of policy mak-
ing. There were numerous initiatives for the 
digital processing, completion, improvement 
and integration of the existing soil datasets. 
Presently soil data requirements are ful-
fi lled with the recently available datasets ei-
ther by their direct usage or aft er certain spe-
cifi c and generally fortuitous, thematic and/or 
spatial inference (Szabó, J. et al. 2007; Dobos, 
E. et al. 2010; Szatmári, G. et al. 2013; Sisák, 
I. and Benő, A. 2014; Waltner, I. et al. 2014). 
Due to the frequent discrepancies between 
the available and the expected data, notable 
imperfection may occur in the accuracy and 
reliability of the delivered products. 
A recently started project (DOSoReMI.hu: 
Digital, Optimized, Soil Related Maps and 
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Fig. 3. Framework of the DOSoReMi.hu project
Information in Hungary; Figure 3) aims to 
signifi cantly extend the potential how soil 
information requirements could be satisfi ed 
in Hungary. 
In the frame of our project hitherto we have 
carried out spatial and thematic data mining 
of a signifi cant amount of soil related infor-
mation available in the form of legacy soil 
data as well as digital databases and spatial 
soil information systems (Pásztor, L. et al. 
2013b, 2014). 
In the course of the analyses auxiliary, spa-
tial data themes related to soil forming fac-
tors as well as indicative environmental ele-
ments are relied on. Our objective is to com-
pile digital soil related maps that optimally 
fulfi l the national and international demands 
from points of view of thematic, spatial and 
temporal accuracy. In the following we short-
ly present some developments achieved so 
far in the frame of our activities.
Materials and methods
Digital mapping of soil properties in Zala 
County 
Impact assessment of the forecasted climate 
change and the analysis of the possibilities 
of the adaptation in the agriculture and for-
estry can be supported by scenario based 
land management modelling, whose results 
can be incorporated in spatial planning. This 
framework requires adequate and spatially 
detailed knowledge of the soil cover. For the 
satisfaction of these demands in Zala County 
(3,784 km²; Hungary), the soil conditions of 
the agricultural areas were digitally mapped 
based on the most detailed, available recent 
and legacy soil data. The agri-environmental 
conditions were characterized according to 
the 1:10,000 scale genetic soil mapping meth-
odology and the category system applied in 
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the Hungarian soil-agricultural chemistry 
practice. The factors constraining the fertility 
of soils were featured according to the bio-
physical criteria system elaborated for the 
delimitation of naturally handicapped areas 
in the EU. Production related soil functions 
were regionalized incorporating agro-mete-
orological modelling.
Various soil related information were 
mapped in three distinct sets: (i) basic soil 
properties determining agri-environmen-
tal conditions (soil type according to the 
Hungarian genetic classifi cation, rootable 
depth, sand and clay content for the 1st and 
2nd soil layers, pH, OM and carbonate content 
for the plough layer); (ii) biophysical criteria 
of natural handicaps defi ned by common 
European system and (iii) agro-meteoro-
logically modelled yield values for diff erent 
crops, meteorological and management sce-
narios. The applied method(s) for the spatial 
inference of specifi c themes was/were suit-
ably selected: regression and classifi cation 
trees for categorical data, indicator kriging 
for probabilistic management of criterion in-
formation; and typically regression kriging 
for quantitative data. 
The appropriate derivatives of a 20 m dig-
ital elevation model were used in the analy-
sis. Multitemporal MODIS products were 
selected from the period of 2009–2011 repre-
senting diff erent parts of the growing season 
and years with various climatic conditions. 
Additionally two climatic data layers (mean 
annual precipitation and mean temperature 
of summer months), the 1:100,000 Geological 
Map of Hungary (Gyalog, L. and Síkhegyi, F. 
2005) and the map of groundwater depth pre-
pared by Water Research Institute (VITUKI, 
2005) were used as auxiliary environmental 
co-variables.
Disaggregating category type soil maps
Numerous formerly elaborated thematic soil 
maps are not available in Hungary in the 
recently required scale. The original maps 
were compiled (i) in analogue environment 
and (ii) applying hardly identifi able soil-land-
scape models and unrecorded rules, so their 
reproducibility is problematic. Their theme, 
however, represents a widely used, embed-
ded information source, which is expected to 
be (re)produced in larger scales. Various pos-
sibilities were studied for the solution of the 
problem. Decision trees proved to be adequate 
data mining technique to improve the spatial 
resolution of category-type soil maps disag-
gregating their soil mapping units (SMUs). 
The  agro-ecological  units  in  the 
AGROTOPO (1994) database, compiled as 
a result of a substantial scientifi c synthesiz-
ing work (Várallyay, Gy. et al. 1985), were 
elaborated dominantly on the basis of map-
ping units originating from Kreybig soil 
maps (Kreybig, L. 1937), applying appro-
priate spatial and thematic generalization. 
Consequently, the Kreybig patt ern contains 
signifi cant and potentially utilizable infor-
mation on the heterogeneity of these agro-
ecological units, as do the elevation models 
characterizing the relief features. 
Digital Kreybig Soil Information System 
is a countywide SSIS, which synthesizes the 
full soil information collected and processed 
during the Kreybig survey (Pásztor, L. et al. 
2010, 2012). The readiness of AGROTOPO 
and DKSIS spatial soil information systems 
together with appropriate Digital Elevation 
Models and further environmental ancillary 
data available for the whole country has 
huge potential, which can be exploited in an 
integrated manner for the disaggregation of 
the thematic soil layers stored exclusively 
by AGROTOPO. The new maps display the 
same thematic but with increased spatial 
resolution and accuracy. 
Compilation of country-wide physical soil 
property maps
The increasing demands on spatial soil in-
formation in order to support environmental 
related and land use management decisions 
vigorously concern physical soil properties, 
which also played important role in tradi-
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tional soil mapping. Physical soil properties 
are directly related to water-holding capac-
ity and nutrient supply, they aff ect water in-
fi ltration, runoff , and movement within the 
soil (Várallyay, Gy. 2011; Tóth, B. et al. 2014; 
Farkas, Cs. et al. 2014). 
Soils can be characterized by diff erent phys-
ical soil parameters; one of the most widely 
used is particle size distribution (Rajkai, K. 
and Kabos, S. 1999; Nemes, A. et al. 2011). 
Particles according to their size are catego-
rized as clay, silt or sand. The size intervals 
are defi ned by national or international tex-
tural classifi cation systems. The relative mass 
percentages of sand, silt, and clay in the soil 
constitute textural classes, which are also 
specifi ed miscellaneously in various national 
and/or specialty systems. The most commonly 
used is the classifi cation system of the United 
States Department of Agriculture (USDA 
1987, Shirazi, M.A. and Boersma, L. 1984). 
Soil texture information classifi ed according 
to USDA system is essential input data in 
(agri-)meteorological and hydrological mod-
elling (Vereecken, H. et al. 1989; Saxton, K.E. 
and Rawls, W.J. 2006), which are also widely 
used in Hungary (Kozma, Zs. 2012; Ács, F. et 
al. 2014; Fodor, N. et al. 2014). 
Our work for producing the very fi rst texture 
class map according to USDA classifi cation for 
Hungary has been recently presented in detail 
by Laborczi, A. et al. (2015). In addition to tex-
ture, particle size fractions (clay, silt and sand 
content) are also important in themselves. They 
are mandatory variables of the GlobalSoilMap 
data structure according to its Specifi cations 
(2014) as well as main indicators used by bio-
physical criteria to defi ne natural constraints 
for agriculture in Europe (Van Orshoven, J. 
et al. 2013).  Firstly clay, silt and sand content 
were independently predicted spatially using 
regression kriging with a predefi ned, 150 me-
ter spatial resolution. Reference data have orig-
inated from the Hungarian Soil Information 
and Monitoring System. Auxiliary spatial in-
formation was represented by digital elevation 
model and its derived components, geological, 
climatic, landuse maps and last but not least 
the physical property SMU layer of DKSIS.
The applied geostatistical and data mining tools
In the framework of DSM numerous dig-
ital mapping methods have been elaborated 
that apply on of or integrate geostatistical 
and data mining tools (Goovaerts, P. 2000; 
Hengl, T. 2009; Moran, C.J. and Bui, E.N. 
2002; Lagacherie, P. et al. 2007; Boettinger, 
J.L. et al. 2010; Hartemink, A.E. et al. 2008). 
Here only three of them are shortly dis-
cussed, which were used in the works pre-
sented in this paper.
Regression kriging (RK) is a spatial predic-
tion technique, which jointly employs correla-
tion with auxiliary maps and spatial correla-
tion. It is widely used for the spatial inference 
of quantitative soil properties (e.g. Hengl, T. 
et al. 2004; Illés, G. et al. 2011; Szatmári, G. 
and Barta, K. 2013). Similarly to other DSM 
methods, RK is based on the application of 
auxiliary environmental variables (deriva-
tives of digital elevation model (DEM), re-
motely sensed images, etc.), which can be 
widely interpreted, that is spatial informa-
tion on independent soil features can also be 
involved. In RK fi rstly correlation of the envi-
ronmental factors and the predicted variable 
is determined by MLRA. Then kriging of the 
residuals provides the stochastic factor which 
is added to the regression result thus produc-
ing the fi nal map. Essentially, RK respects the 
fact; neither environmental correlation nor 
geostatistical interpolation alone is able to 
account for the whole spatial variation that 
is to produce map products with satisfactory 
accuracy. They can be used as complementary 
spatial inference approaches where one can 
improve the other’s drawbacks. 
Indicator kriging (IK) is a nonparametric in-
terpolation method without any assumption 
on concerning the distribution of the mod-
elled variables providing estimation of prob-
ability. Based on these features IK is a useful 
tool for the spatial inference of categorical 
variables. Regionalization of specifi c simple 
and/or simplifi ed secondary and functional 
soil (related) data can be supported by IK.
IK was heavily based on in the process of 
the delineation of areas aff ected by natural 
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constrains in Hungary defi ned by common 
European biophysical criteria related to soil. 
The elaborated European system consists of 
detailed defi nitions, justifi cation and asso-
ciated critical limits or threshold values for 
each biophysical criterion. The fulfi lment of a 
specifi c criterion had to be regionalized, that 
is the fi nal product should have to be a binary 
map displaying yes/no categories. Decisions 
carried out on soil profi le resulted in binary 
(indicator) form, which had to be spatially ex-
tended. As a consequence, indicator kriging 
proved to be proper approach. It provided 
probability (spatial) distribution maps, indi-
cating the probability of fulfi lling the criteria 
within the block used for the calculation.  
Classifi cation and regression trees (CART) 
are also widely applied in Digital Soil 
Mapping too (Moran, C.J. and Bui, E.N. 
2002; Scull, P. et al. 2005; Bou Kheir, R. et al. 
2010; Giasson, E. et al. 2011; Greve, M.H. et 
al. 2012), due to their manifold advantages.
CART is one of the most successful, wide-
spread and effi  cient data mining techniques 
for supervised classifi cation learning, which 
builds complex relations by a sequence of sim-
ple decisions. The tree is built from a training 
database by recursive method. The decision 
rules can be easily interpreted; they start with 
a single node, and then look for the binary 
distinction which gives the most information 
on the classifi cation. At each node the condi-
tions (based on homogeneity indices) split the 
reference data into two child nodes. Each of 
the resulting new nodes is taken and the proc-
ess is repeated continuing the recursion until 
reaching certain predefi ned stopping criterion. 
CART is easy to interpret and discuss, when a 
mix of continuous and categorical type envi-
ronmental parameters are used as predictors, 
furthermore, they have excellent predictive 
capabilities (Breiman, L. 2001; Lawrence, R. 
et al. 2004; Henderson, B.L. et al. 2005). 
CART can be applied for the understand-
ing of the soil-landscape models involved 
in existing soil maps, and for the post-for-
malization of survey/compilation rules. The 
relationships identified and expressed in 
decision rules make the creation of spatially 
refi ned maps possible with the aid of high 
resolution environmental auxiliary variables. 
Among these co-variables, a special role 
could be played by larger scale soil informa-
tion with diverse att ributes.
Results
Digital mapping of soil properties in Zala County
Some results of our activities for the map-
ping of soil properties in Zala County are 
discussed in recent papers. Szatmári, G. et 
al. (2013) debate in details the experiences 
gathered during the application of RK in 
spatial inference of quantitative soil prop-
erties. The two main findings, which we 
also want to emphasize here, referred to the 
application of ancillary data. In one hand, 
usage of various co-variables may result in 
remarkable diff erences of the fi nal map. On 
the other hand inclusion of spatial soil data 
signifi cantly improves the performance of 
RK. Illés, G. et al. (2014) have presented the 
elaboration of a unifi ed large scale soil type 
map according to the Hungarian genetic soil 
classifi cation system. The reference soil data 
originated from various legacy datasets with 
diff ering density provided for areas with 
diff erent land use. Some further, formerly 
unpublished soil property maps compiled 
for the agricultural areas of the country are 
presented in Figure 4. 
The results of the agro-meteorological 
modelling for the regionalization of produc-
tion related soil functions are scheduled to 
be published soon.
Disaggregating category type soil maps
The disaggregation of categorical soil maps 
with the aid of auxiliary spatial soil informa-
tion was successfully applied in cases with 
diff erent thematic and spatial extent. Some 
results have been recently presented in detail 
by Pásztor, L. et al. (2013b). The most use-
ful product has been the spatially refi ned 
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nationwide soil productivity map, which 
was operationally used for the delineation 
of Areas with Excellent Productivity in the 
framework of the National Regional Devel-
opment Plan.
The other challenge has been the charac-
terization of the soil cover in terms of genet-
ic soil types at a scale of 1:50,000–1:25,000, 
which is required due to various purposes, 
like the digital implementation of large-scale 
mapping methodology designed for irriga-
tion planning or spatial planning activities. 
For the fulfi lling of these demands the ge-
netic soil type layer of AGROTOPO was dis-
aggregated for pilot areas based on DKSIS, 
environmental auxiliary variables and using 
decision trees.
The downscaled soil type map according 
to the Hungarian soil classifi cation system 
compiled for the Danube–Tisza Interfl uve 
is presented in Figure 5. The map was com-
piled with the aid of decision trees using 
Fig. 4. Basic soil property maps of Zala County
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non-soil environmental auxiliary variables 
together with the SMUs of DKSIS. Virtual 
reference point sets were created by multi-
ple point sampling. One point per km2 was 
randomized in the geographical space, rep-
resenting virtual sampling locations. 
Conditional generalization was ap-
plied, prescribing a minimum spacing of 
100 meters (equal to the cell size applied in 
spatial modelling) between the generated 
points. Randomized points closer than 100 
meters to SMU borders were eliminated to 
avoid transition zones between neighbour-
ing soil types. The values of the dependent 
(predicted) and independent (predictor) vari-
ables were identifi ed at the randomized lo-
cations and their records were used in data 
mining classifi cation. The rules established 
during the building of the classifi cation tree 
were applied to the spatial layers as opera-
tions providing soil type prediction for the 
whole area of interest. The randomization 
process was repeated 100 times providing 
100 classifi cation results for each cell. The 
fi nal categorization was done by maximum-
likelihood decision; the most frequent class 
was att ributed to the cell as most likely soil 
type. The vagueness of the classifi cation is 
also inferred by the occurrence value of the 
most frequent class. Figure 5 contains an in-
set map, which displays the reliability of the 
spatial prediction expressed this way.
Fig. 5.  Predicted soil type map for the Danube–Tisza Interfl uve (on the left ) and estimated reliability of the 
spatial prediction (on the right)
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Compilation of country-wide physical soil 
property maps
Maps of particle size classes (clay, silt and 
sand content) have been multi-mapped, that 
is the same target variable has been pre-
dicted in various ways. Either the method 
or the predictor variables have been selected 
in diff ering way. The purpose has been to 
identify the best performing constellation. 
The performance of the various approaches 
can be identifi ed by proper validation and in 
our case it has been measured by three vali-
dation parameters: mean error (ME); mean 
absolute error (MAE) and root mean square 
error (RMSE).
Validation was based on particle size dis-
tribution data provided by the Hungarian 
Detailed Soil Hydrophysical Database 
(MARTHA, Makó, A. et al. 2010). MARTHA 
has been developed to collect information on 
measured soil hydraulic and physical char-
acteristics in Hungary. 
Recently this is the largest and most de-
tailed national hydrophysical database. 
780 records were used having both georef-
erenced location and topsoil particle size 
distribution data entries. The results for 
two independent approaches (both using 
RK, but with diff erent ancillary dataset) are 
presented in Table 1. 
According to the fig-
ures of the table, the two 
independent approaches 
result in slightly differ-
ent maps as for their per-
formance. The fi nal map 
products of sand and clay 
fraction for the upper-
most (0–5 cm) soil layer 
are presented in Figure 6.
Table 1. Validation of particle size fraction maps by 
various parameters for two diff erent approaches
Para-
meters
RK1 RK2
clay silt sand clay silt sand
ME
MAE
RMSE
-2.77
7.63
10.42
0.05
11.20
15.28
2.72
13.49
18.38
-2.50
7.72
10.50
-0.13
11.03
15.10
2.62
13.36
18.19
Fig. 6. Countrywide maps of 
two main particle size fractions 
(sand, clay) for the uppermost 
soil layer (0–5 cm)
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Conclusions
In the frame of DOSoReMI.hu project a sig-
nifi cant amount of experiences have been ac-
cumulated so far concerning the compilation 
of novel and renewed, goal oriented, digital 
soil maps using geostatistical and data min-
ing tools either at national or regional level.
By the aid of selected and optimized geostatis-
tical, data mining and GIS tools some basic soil 
properties were multi-mapped and optimized, 
but it is also planned to conduct the spatial ex-
tension of certain more sophisticated pedological 
variables featuring the state, processes (including 
degradation), functions and services of soils. 
It is hoped to achieve further progress in 
the performance by expanding the pool of 
environmental co-variables applied and by 
testing additional methods (random forests, 
neural networks, support vector machines, 
etc.). The environmental correlation used 
in RK expressed by MLRA is also suggest-
ed to be substituted by further, knowledge 
based data mining methods for improving 
the modelling of the complex relationship 
between a specifi c soil variable and its aff ect-
ing/determining/indicating factors. The fi rst 
planned step is the substitution of MLRA 
with Regression Tree Analysis to generalize 
the linear model between the predicted and 
the explanatory environmental variables.
The country-wide physical soil property maps 
elaborated according GlobalSoilMap specifi ca-
tions will represent the fi rst Hungarian contribu-
tion to the GlobalSoilMap.net project (Minasny, 
B. and McBratney, A.B. 2010). Further GSM.net 
conform map products are also under develop-
ment in the frame of DOSoReMI.hu to contrib-
ute to the worldwide activities. Based on more 
extended data infrastructure, it is suggested that 
national initiatives could produce more accurate 
and reliable products.
The application of an inset map for the ex-
pression of the inherent vagueness of spatial 
prediction is a rather recently introduced, but 
we propose its general usage for displaying 
the results of digital maps elaborated using 
geo-mathematical methods and/or environ-
mental models. 
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